Electric vehicles (EVs) have enjoyed increasing adoption because of the global concerns about the petroleum dependence and greenhouse gas emissions. However, their limited driving range fosters the occurrence of charging requests deriving from EV drivers in urban road networks, which have significant uncertain characteristic from time dimension in the real-world situation. To tackle the challenge brought by the dynamic charging requests, this study is devoted to proposing optimal strategies to provide guidance for EV charging. The time-varying characteristic of road network is further involved in the problem formulation. Based on the charging request information, we propose two charging guidance strategies from different perspectives. One of the strategies considers the travel demands of EV drivers and uses the driving distance as the optimization criterion. In contrast, the other strategy focuses on the impacts of EV number on the charging station operation and service satisfaction.
Introduction
The dependence of human society on petroleum has contributed to serious environmental and energy problems. The transportation sector is one of the major economic industries that contribute to energy consumption and greenhouse gas emissions. According to the investigation conducted by the International Energy Agency, the energy consumption of the transportation sector accounts for 28% of the global energy consumption and is responsible for 23% of the global greenhouse gas emissions (International Energy Agency, 2017) . Given the public concern on climate change and advances in battery technologies, electric vehicles (EVs) have been introduced as a promising solution for the problem of dependency on fossil fuels and increasing greenhouse gas emissions (Rezvani et al., 2015) .
However, unlike conventional internal combustion engine vehicles, EVs have the relatively short driving range due to the limited capacity of batteries. The drivers often need to recharge their vehicles during trips to successfully reach the destinations. Moreover, the charging stations for EVs are considerably less popular than gas stations. These disadvantages increase driver range anxiety, that is, the fear of depleting battery energy en route (Melliger et al., 2018) . In order to help drivers to select suitable charging stations and alleviate their range anxiety, a smart charging service would be developed to provide guidance for EV charging. Through such a service, EV drivers send charging requests to the charging operating centre when the battery energy of their vehicles is insufficient to reach the destinations, and the centre provides feedback to the drivers, which is the optimal charging station selection according to the information from the drivers' charging requests .
To realize the smart charging service, the charging guidance strategies based on charging request information need to be developed. Furthermore, in the real-world travel situation, the traffic condition on a road network often has the time-varying characteristics, which would influence the route and charging station selection for EVs (Gendreau et al., 2015) . Thus, besides the charging requests, the time-varying characteristics of road network should be considered in the charging guidance strategies.
More importantly, the dynamic characteristic intrinsic to the charging requests has substantial impacts on the strategies, which would further increase the difficulties to deal with the charging requests. Note that, large-scale charging behaviours with dynamic characteristic would exert significant impacts on the operation efficiency of charging stations. Therefore, given the widespread adoption of EVs in the current and future global transportation system, special attention must be given to solve the dynamic charging requests under the real-world complicated situation.
EVs are taking shape as the potential solution for the environmental and energy problems.
However, since the limited driving range and insufficient charging infrastructure cause trouble for the EV drivers' travel, it calls for the effective methods to guide EV drivers to select suitable charging stations and routes. For this reason, EVs have received increased interest from the scientific community.
In consideration of the limited driving range, several studies have attempted to find the optimal routes for EVs based on the framework of constrained shortest path problem (Artmeier et al., 2010; Storandt, 2012; Neaimeh et al., 2013) . However, the charging behaviour was not involved in the models. Kobayashi et al. (2011) further considered the impacts of charging behaviour and established a route search method for EVs. In this method, the location of charging station is an influencing factor to select the travel routes, besides the driving range. Wang et al. (2018b) designed a geometry-based algorithm for charging guidance based on the charging request information. The algorithm considered the consistency of direction trend between charging routes and destination. Sweda et al. (2017) proposed two heuristic methods to find the adaptive routing and recharging decisions for EVs. The charging costs were involved in the solution. Besides charging processes, Qin and Zhang (2011) and Said et al. (2013) considered the impacts of queuing time on the charging station selection. The queuing theory was used to optimize the charging guidance. Several studies combined the driving time, charging time and queuing time to discuss the charging and route optimization for EVs (Yang et al., 2013; De Weerdt et al., 2016; Zhang et al., 2018) . Furthermore, Wang et al. (2014) incorporated the energy constraints in the travel and proposed the energy-aware routing model for EVs. Cao et al. (2012) and Liu et al. (2014) considered the impacts of charging costs on the charging station selection to investigate the EV charging problems. Yagcitekin and Uzunoglu (2016) developed a smart charging guidance strategy based on the double-layer optimization theory. Sun and Zhou (2016) compared the impacts of different factors on EV charging guidance by using a cost-optimal algorithm. The trade-off between traveling cost and time consumed was obtained to guide drivers for traveling and charging. Wang et al. (2018a) integrated drivers' intention of the choices for traveling and charging. A multi-objective model was established to provide guidance for EV charging. The objectives include the minimization of traveling time, charging costs and energy consumption. Moreover, in view of the environmental effects for EV adoption, many studies focused on the charging guidance methods from the perspective of energy consumption, which aim to determine the energy-efficient routes for EVs under different situations (Wang et al., 2013; Abousleiman and Rawashdeh, 2015; Strehler et al., 2017; Fiori et al., 2018; Ferná ndez, 2018) . However, the previous methods for charging guidance are mainly based on the problems in a static road network. In such a road network, the time or energy consumed in each link is constant. Thus, the impacts of traffic condition on driving state are ignored in the solution.
In order to improve the accuracy of charging schemes, Alizadeh et al. (2014) incorporated the time-varying traffic conditions in the traveling and charging problem for EVs. An extended transportation graph was used to find the optimal routes. Yi and Bauer (2018) introduced a stochastic decision making framework to investigate the stochastic effects of traffic condition on energy cost. The 4 primal-dual interior point algorithm was used to construct the optimal paths. Zhang et al. (2016) considered the impacts of traffic condition on driving distance, travel time and energy consumption and proposed a multi-objective routing model. The ant colony optimization algorithm was employed to search the optimal routes. Jafari and Boyles (2017) further incorporated the reliability of routes in the solution for an EV travel problem under the road network with stochastic traffic condition. Daina et al. (2017) explored the EV charging problem by considering the uncertain traffic condition based on the random utility theory. The trade-off among driving distance, charging time and costs for charging selection was analysed. Huber and Bogenberger (2015) utilized the real-time traffic information to investigate the time-varying characteristics of the traffic condition and their impacts on the EV driving state. In addition, several works introduced the network equilibrium theory to explore the optimization models for EV charging and traveling (Jiang et al., 2014; He et al., 2014; Xie and Jiang, 2016; Xu et al., 2017) . In such models, the traffic condition would be changed with the number of vehicles in each link.
However, most of the existing methods assume that the charging requests of EV drivers are predetermined and overlook their dynamic characteristics. In the real-world situation, the charging requests with variable information may occur at different periods. The charging operating centre could not know the information before receiving the charging requests. Therefore, the previous methods do not have the ability to solve the dynamic charging requests in the real-world complicated situation.
Aiming at the dynamic charging requests, Hung and Michailidis (2015) proposed a charging guidance strategy based on the queuing modeling framework, where the charging requests occurred according to a general process during a time period. However, the study did not consider the time-varying characteristics of road network. It assumed that EVs operate with a constant speed in the road network.
Moreover, the energy consumption was ignored in the method, which has significant influence on the reachability of charging stations in a road network.
As the number of EVs increases in the transportation system, it is obvious that large-scale EVs will operate on urban road networks in the foreseeable future, which would contribute to multiple charging requests during different periods. In this study, we aim to develop charging guidance strategies for large-scale dynamic charging requests in a time-varying road network. Based on the charging request information, the charging guidance strategies are established from two different perspectives. The EV drivers' travel demands and vehicle balance in charging stations are respectively considered in the proposed strategies. Both the strategies could help EV drivers to select optimal reachable charging stations by considering the time-varying traffic condition on the routes. The performance of the charging guidance strategies in various scenarios is explored by considering their impacts on the operation efficiency of charging stations.
The proposed methods may be used by the operators of charging operating centres to provide EV 5 drivers with optimal selections of charging stations under different situations or by individual drivers to select optimal charging stations during trips.
The contributions of this study are as follows. Firstly, given the large-scale EV operation situation, the dynamic characteristic of charging requests is investigated. By combining the time-varying road network, a charging guidance problem with dynamic charging requests is formulated. Furthermore, a dynamic recursive equation is developed to explore the change trend of EV number in charging stations.
Secondly, based on the charging request information, two charging guidance strategies are established from the perspective of travel demands of EV drivers and operation efficiency of charging stations, respectively. Both the strategies have the ability to ensure the reachability of selected charging stations in a time-varying road network. Lastly, simulation examples are presented to demonstrate the proposed strategies. The performance of the two strategies is compared in different simulation scenarios. The application recommendations in terms of the strategies are discussed based on the simulation results.
The remaining portions of this paper are organised as follows. Section 2 describes the dynamic charging guidance problem and introduces the considerations for charging station selection. Section 3 analyses the selection basis for optimal charging station from two different perspectives and presents the charging guidance strategies. In Section 4, the simulation examples are designed to demonstrate the proposed strategies and further compare their performance. Lastly, Section 5 provides the conclusions and the directions for future research.
Problem description
During trips, EV drivers often need to recharge their vehicles to reach destinations. When drivers notice that the remaining energy of their vehicles may be insufficient to reach their destinations, they would send charging requests to the charging operating centre. The information of charging requests includes drivers' travel destinations and remaining energy of vehicles. The charging operating centre would help drivers to select suitable charging stations according to the charging request information.
However, in the real-world situation, charging requests have significant uncertain characteristic from time dimension. As a matter of fact, the charging requests received in different periods may have different information based on the individual demands of drivers. The charging operating centre could not predict the detailed information of charging requests in advance. Given the situation with large-scale charging requests, the multiple charging requests at the identical periods often have different information, including travel destinations and remaining energy. Notably, in the actual situation, the charging operating centre can obtain the information regarding to the locations of EVs and charging stations by using positioning devices. Therefore, EV drivers do not need to send the location information to the charging operating centre. Meanwhile, in the same position, whether the charging requests occur or their detailed information are not predetermined at different periods. Thus, the charging requests in a road network have significant dynamic characteristic. To represent the dynamic characteristic of charging requests, time is slotted with slots normalized to integral units. C before time slots t. The decision-making for all the charging requests needs to be determined based on the traffic condition at corresponding time slots.
Let
In the situation with large-scale EVs, the dynamic characteristic of charging requests is one of the challenges for dealing with the charging requests. Besides, the traffic condition in a road network also affects the EV traveling and charging, because it has significant effects on the driving speed and energy consumption for EVs (Bi et al., 2019) . More importantly, the traffic condition in a road network often has time-varying characteristic in the real-world situation due to the influence of environmental factors (Huang et al., 2017) . Therefore, the energy and time consumed to traverse the same links may vary at different time slots. To improve the effectiveness of the charging guidance scheme, the time-varying characteristic of a road network should be considered. Combining the road network structure and EV operating characteristics, the time-varying road network is defined as ( , , , ) (Neely et al., 2005) . For the problem of EV charging guidance, the assumption signifies the constant driving time and energy consumption during a separate time slot. The assumption conforms to the traffic condition characteristic in a real-word road network if the duration for each time slot is relatively short. Therefore, we follow such an assumption in the charging guidance problem for EVs.
Combining the dynamic charging requests and time-varying road network, the charging guidance problem for EVs is formulated. According to the definition of set V, there exist m normal nodes and n charging station nodes in a road network. Furthermore, the problem assumes that the charging requests occur in the normal nodes only. The charging station nodes couldn't generate charging requests. Such an assumption is reasonable, because only when drivers hard to search nearby charging stations would they send charging requests to the charging operating centre. Otherwise, they have no need to send charging requests. The purpose of charging guidance strategies is to help EV drivers from normal nodes to select suitable charging station nodes based on specific objectives. Let t ij
x denotes the binary decision variable in the problem formulation, which is equal to 1 if the charging request generated in normal When solving the charging requests at each time slot, the first step is to ensure that the remaining energy can support the EVs in reaching the target charging stations. In a time-varying road network, the energy consumption between normal nodes and charging stations nodes may vary at different time slots.
Thus, before selecting charging stations, the energy consumption on the routes should be observed and only the reachable charging stations can be considered as the candidate ones, as shown in Fig.1 . = indicates that the charging request occurs in node 1 is assigned to the charging station node CS 1. How to determine the value of t ij x at each time slot t is the critical issue to solve the charging guidance problem in a time-varying road network. This issue should be considered from two aspects. On the one hand, the charging guidance strategies satisfy the 9 charging demands of EV drivers. That is, an EV can reach the selected charging station under the current remaining energy. For this reason, the relationship between remaining energy and traffic condition needs to be considered. On the other hand, the charging behavior has significant impacts on the operating state of charging stations, especially in a large-scale EV situation. In every time slot, multiple charging requests may occur in a road network and the charging stations may have to accept multiple EVs. Given the limited charging rate, the number of EVs in a charging station increases as the time slots pass. However, mass EV charging has significant impacts on the operating state of charging stations, which may prolong queuing time and even present a potential burden on local power systems (Putrus et al., 2009; Fernandez and Roman, 2011; Qian et al., 2011) .
Therefore, besides drivers' charging demands, the number of EVs in each charging station is also an important factor that needs to be considered in charging guidance strategies.
In order to explore the change trend of EV number in charging stations under the situation with large-scale dynamic charging requests, we attempt to develop a dynamic recursive equation based on the operation characteristics of charging stations in a time-varying road network. Let t j S denote the number of EVs that complete charging and leave charging station j at time slot t. Without loss of generality, the problem assumes that at most one EV can leave a charging station at each time slot.
The assumption conforms to the actual operating situation of charging stations if the duration for each time slot is relatively short. Moreover, to represent the dynamic characteristic for the EVs leaving charging stations, the possibility of that in charging station node j at each time slot is defined and denoted as
It can be used to reflect the charging levels of the charging stations in a road network. During the actual charging processes, the chargers with different charging levels lead to different charging rates of EVs (Gnann et al., 2018) . Notably, under the definition of t j S and j  , the duration between two adjacent events of an EV leaving charging station j follows a geometric distribution (Li and Eryilmaz, 2014 
Where j  is the initial number of EVs in charging station j within the time horizon; t is the time slot when the charging request from node i occurs. In the equation, the time slots t and t satisfies the following relationship. (Franke and Krems, 2013) .
Charging guidance strategies for dynamic charging requests in a time-varying road network
To solve the dynamic charging requests in a time-varying road network, the charging station selection decisions at each time slot should be made on the basis of specific strategies. In this section, we attempt to develop the charging guidance strategies from two different perspectives. Firstly, the travel demands of EV drivers are considered in the strategy. Secondly, the other strategy focuses on the impacts of large-scale charging requests on charging stations. The effectiveness and comparison of the two strategies will be discussed in Section 4. Notably, to guarantee the existence of solution, assume that every charging request has at least one reachable charging station in a road network. For the special situation that no reachable charging station exists, the extra cost may occur to transport the vehicles, such as the trailer service, which is not discussed in the charging guidance strategies.
The charging guidance strategy based on travel demands of EV drivers
EV drivers are the decision makers for travel activities and also the service objectives of smart charging service. Therefore, it is necessary to consider the travel demands of EV drivers when planning the selection strategy of charging stations. As expected, the reachability is the most critical factor for charging station selection in an EV trip. On the premise of charging station reachability, EV drivers often desire to reduce their travel cost as much as possible. In general, the travel cost is regarded as the optimization criterion to choose the travel routes (Gao et al., 2010; Braekers et al., 2015) . The travel cost minimization is one of the critical factors for travel demands. For an EV trip, the travel cost has multi-dimensional components, such as travel time, energy consumption and charging cost . Specifically, both the driving time and energy consumption have close correlation to the driving distance. Generally, the driving time is typically proportional to the driving distance with a constant driving speed. Furthermore, the energy consumption also has the significant linear relationship with driving distance . Since the energy consumption has significant influence on charging cost, the charging cost would be affected by the driving distance. Thus, the driving distance can be used to reflect the integration of travel cost components. For this reason, the driving distance minimization is employed to establish the charging guidance strategy based on drivers' travel demands.
Note that, different from the driving time and energy consumption, the driving distance is a static factor in a time-varying road network. Adopting driving distance as selection criterion can utilize such an advantage and avoid the complicated dynamic prediction. Moreover, in the charging guidance strategy, the driving distance from charging stations to destinations is considered. For the routes from origins to charging stations, EV drivers prefer to focus on the reachability rather than distance. Thus, the driving distance between origins and charging stations is not involved in the strategy. To simplify the description, the charging guidance strategy based on travel demands of EV drivers is represented by SDD (shortest driving distance) strategy. By using a toy road network with four nodes, Fig. 3 presents the selection basis for optimal charging station under SDD strategy. Furthermore, the figure is divided into two cases according to the number of reachable charging stations. In the case (1), CS 1 is the reachable charging station but CS 2 is the unreachable one. In this case, CS 1 is the optimal charging station because only CS 1 can be selected to charge the EV. In the case (2), both CS 1 and CS 2 are reachable for the EV.  .The SDD strategy aims to determine optimal charging stations, driving time and corresponding routes for all the charging requests at every time slot. Based on the selection basis as shown in Fig.3 , the operating steps of SDD strategy are detailed as follows:
Step 1: At the beginning of time slot t, based on the information of t a E , calculate the minimum energy consumption between all the nodes with t i C and charging station nodes by using the shortest path algorithms (Fu et al., 2006) . The minimum energy consumption between charging request node i and charging station node j is denoted as ( , ) t ij E . Record ( , ) t ij E and corresponding routes.
Step Step 5: Calculate and record the driving time on the minimum energy routes between nodes with t i C and corresponding optimal charging station nodes j*. The results are denoted as , *)
Step 6: Before the end of time slot t, output the optimal charging stations j*，driving time , *) t ij  （ and corresponding routes for each charging request t i C . Fig. 4 presents the flowchart of SDD strategy. Fig.4 Flowchart of SDD strategy.
The charging guidance strategy based on vehicle balance in charging stations
In the real-world traveling situation, especially with large-scale EVs, a lot of charging requests may occur in the road network. In every time slot, the optimal charging stations need to be selected for all the charging requests. However, as compared to the increasing number of EVs, the number of charging infrastructure is often insufficient in the transportation system. Given the limited charging technology in current and foreseeable future periods (Raslavičius et al., 2015; Bi et al., 2018a) , the large-scale charging requests and insufficient charging infrastructure may lead to queuing processes in charging stations. It is noted that, the increasing number of EVs in charging stations has significant impacts on the charging station operation. On the one hand, mass EV charging may increase the operating burden of charging stations and power systems. On the other hand, the queuing time in charging stations may increase as vehicle number increases, which significantly affects the service level of charging guidance. Therefore, to ensure the operation efficiency of charging stations and service satisfaction of drivers, the number of vehicles in each charging station should be considered when solving the large-scale charging requests. number of EVs in CS 1 is larger than that in CS2. In the case (1), CS 1 is the optimal charging station because only CS 1 is the reachable charging station for the EV. In the case (2), the vehicle number in the charging stations should be considered because both the charging stations are reachable. As shown in the figure, in such a case, CS 2 is selected as the optimal charging station because the number of EVs in CS 2 is less than that of CS 1.
Similar with the SDD strategy, the CSB strategy also aims to determine optimal charging stations, driving time and corresponding routes at every time slot, based on the information from each charging request. The operating steps of CSB strategy are detailed as follows:
Step 1: At the beginning of time slot t, based on the information of t a E , calculate the minimum energy consumption between all the nodes with t i C and charging station nodes. The minimum energy consumption between charging request node i and charging station node j is denoted as ( , ) t ij E . Record ( , ) t ij E and corresponding routes.
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Step 2: For each Step 4 Step 5: Calculate and record the driving time on the minimum energy routes between nodes with t i C and corresponding optimal charging station nodes j*. The results are denoted as , *)
Step 6: Before the end of time slot t, output the optimal charging stations j*，driving 
Simulation example

Example scenario description
In this section, we present a simulation example to demonstrate the proposed charging guidance strategies. A time-varying road network is introduced to implement both the SDD and CSB strategies.
The structure of the road network is designed based on the Sioux Falls network, which is often adopted to simulate travel optimization problems (Meng and Yang, 2002; Chow and Regan, 2011; Bell et al., 2017) . In the road network, each charging station node has the parameter j  to reflect the charging levels of the charging station, where j={1,2,…,7,8}. For the normal nodes, each one has the parameter i  to reflect the dynamic characteristic of charging request generation, where i={1,2,…,15,16}. Table 1 and e , which is randomly generated in the simulation example. In every time slot, if a charging request occurs in a specific normal node, the travel destination t i d is randomly selected from other normal nodes in the road network. The remaining energy t i e is randomly obtained from a given interval, which ranges from 7.2 kWh to 16.8 kWh in the simulation example. In a time-varying road network, the energy consumption on each link varies as time slot passes. To reflect such a characteristic, at time slot t, the simulation example randomly determines the parameter t a E from given intervals for link a. The value intervals of the energy consumption t a E on each link a are listed in Table 3 . Table 4 . Notably, since the time is slotted into the time slots with identical duration, the number of time slots is used to represent the driving time on each link. Without loss of generality, the duration for each time slot is not constrained in the simulation example. In the real-world situation, the duration for time slots could be valued according to actual requirement. Furthermore, Table 5 lists the length of each link a in the road network. In the table, the length of link a is denoted as la (km). Notably, considering the structure characteristic of road network, the links with symmetric relation have the same length. 
Simulation results and analysis
On the basis of the example scenario, the SDD strategy and CSB strategy are applied in the dynamic charging guidance problem with the time-varying road network. Moreover, in order to analyse the performance during different time horizon, the total number of time slots is respectively set as T=10 2 , T=10 3 , T=10 4 , T=10 5 and T=10
6 . Note that, both SDD and CSB strategies could ensure the reachability of selected charging stations for the charging requests in every time slot, as mentioned in Section 3. That is to say, the charging demands of EV drivers can be satisfied by both the strategies.
Therefore, the simulation example focuses on the impacts of the proposed strategies on charging station operation. The number of EVs in a charging station is a critical factor to reflect the operation state of 21 the charging station. Fig.8 presents the average number of EVs in each charging station during different time horizon T under the proposed strategies.
(1) CS 1 (2) CS 2 The maximum number of EVs in each charging station under both SDD and CSB strategies are depicted in Fig.9 , where the case (1)-case (5) respectively illustrate the results during different time horizon, ranging from T=10 2 to T=10 6 . As can be seen, in the case (1), the maximum number of EVs in CS 1-CS8 under the SDD strategy is less than that under the CSB strategy. However, when the time horizon T=10 3 as shown in the case (2), the EV number in CS 5 under the SDD strategy is larger than that under the CSB strategy. In the case (3), the SDD strategy significantly enlarges the maximum number of EVs in most of charging stations, especially in CS 5, as compared to the case (2). The extreme gap of maximum EV number among the charging stations is equal to 32. On the contrary, the maximum number of EVs under the CSB strategy has a moderate degree of change for all the charging stations. Especially, the maximum number of EVs in CS 3 and CS 5 has a decreasing trend as compared to the case (2). The extreme gap of maximum EV number among the charging stations is equal to 7. When the time horizon T=10 4 as shown in the case (4), the maximum number of EVs under the SDD strategy increases for all the charging stations, and the maximum EV number in CS 5 and CS 7 is significantly larger than that under the CSB strategy. Moreover, the extreme gap of maximum EV number among the charging stations under SDD and CSB strategies respectively equal to 41 and 7, which presents a significant difference in vehicle balance among different charging stations between the two strategies. In the case (5), the maximum EV number in CS 5, CS 6 and CS 7 under the SDD strategy is larger than that under the CSB strategy. Furthermore, the extreme gap of maximum EV number among the charging stations reaches 48 under the SDD strategy. On the contrary, under the CSB strategy, the maximum number of EVs presents a balanced state for different charging stations.
The extreme gap of maximum EV number among the charging stations is equal to 7.
Through comparing the performance of SDD and CSB strategies based on the simulation example, it is observed that the CSB strategy has a significant advantage in terms of the vehicle balance among different charging stations, especially in the situation with long time horizon. Given such a performance, the negative influence resulting from the large number of EVs in a charging station would be avoided by using the CSB strategy. Unlike the CSB strategy, the SDD strategy would enlarge the gap of EV number in different charging stations as time horizon increases, which would affect the operation efficiency of the charging stations that have relatively more vehicles. However, when in the situation with short time horizon, the SDD strategy could be used to deal with the dynamic charging requests, because the difference in performance of the two strategies is not significant in such a situation. More importantly, the travel demands of EV drivers are considered in the SDD strategy.
Parameter analysis
When discussing the dynamic charging guidance problem, besides time horizon, the scenario characteristics also have significant effects on the performance of proposed strategies. Fig. 10 presents the maximum number of EVs in each charging station under the SDD strategy, as the parameters  and  vary. As can be seen, the value of  is set as 0.1, 0.2, 0.3, 0.4 and 0.5. The value of  is set as 0.6, 0.7, 0.8, 0.9 and 1.0. A parameter scenario consists of a pair of parameters  and  . Thus, totally 25 parameter scenarios are considered.
(1) CS 1 (2) CS 2 (3) CS 3 (4) CS 4 (5) CS 5 (6) CS 6 (7) CS 7 (8) CS 8 Fig.10 Change trends of the maximum EV number in each charging station under the SDD strategy
In Fig.10 , the case (1)-case (8) respectively illustrate the maximum EV number in CS 1-CS 8 under the SDD strategy for the different parameter scenarios. Notably, in some parameter scenarios, the maximum EV number in a specific charging station may reach infinity, which indicates that the state of the charging station is unstable. For such a scenario, we let the maximum EV number equals to zero in the figure. Obviously, in the case (1), as the parameter  increases, the maximum EV number in CS 1 presents a decreasing trend. This phenomenon indicates that the maximum EV number reduces as the charging level of the charging station increases. In contrast, as the parameter  increases, the maximum number of EVs in CS 1 has an increasing trend, which indicates that the maximum EV number increases as the EV scale increases in the road network. Moreover, among all the parameter scenarios, the peak and lowest values of the maximum EV number are equal to 2 and 29, respectively. In the case (2), as the scenario parameters change, the maximum EV number in CS 2 presents a similar change trend with that in CS 1. However, unlike the case (1), the unstable parameter scenarios exist in the case (2). Among all the stable parameter scenarios, the peak and lowest values of the maximum EV number respectively equal to 3 and 82. Furthermore, in the case (3)-case (8), it is observed that the maximum number of EVs in CS 3-CS 8 also has the similar change trend with that in CS 1. Meanwhile, like CS 2, the unstable state would exist in CS 3-CS 8 under specific parameter scenarios. Among all the stable parameter scenarios, the lowest values of the maximum EV number in CS 3-CS 8 are all equal to 4.
Comparatively, the peak values of the maximum EV number in CS 3-CS8 are respectively equal to 103, 41, 95, 58, 69 and 67. Note that, for a transportation system, the charging service is unstable until all the charging stations can reach stability. Therefore, if at least one unstable charging station exists in the road network under a parameter scenario, the SDD strategy cannot be applied in the parameter scenario.
Based on such a criterion, the parameter scenarios that cannot support the SDD strategy could be Similarly, based on the parameter scenarios and time horizon as mentioned above, the CSB strategy is further applied in the dynamic charging guidance problem. As the parameters  and  vary, the maximum EV number in each charging station is obtained, as shown in Fig. 11. (1) CS 1 (2) CS 2 (3) CS 3 (4) CS 4 (5) CS 5 (6) CS 6 (7) CS 7 (8) CS 8 Fig.11 Change trends of the maximum EV number in each charging station under the CSB strategy As can be seen in Fig.11 , the case (1)-case (8) respectively present the maximum number of EVs in CS 1-CS 8 under the CSB strategies for the different parameter scenarios. In the case (1), the maximum number of EVs in CS 1 broadly presents a flat increasing trend as the parameter  decreases and parameter  increases. However, for some individual scenarios, the moderate fluctuation exists as the parameters vary. The results indicate that the change of scenarios has the relatively limited effects on the CSB strategy as compared to that on the SDD strategy. Among all the parameter scenarios, the peak and lowest values of the maximum EV number in CS 1 respectively equal to 7 and 20.
Furthermore, in the case (2)-case (8), the maximum number of EVs in CS 2-CS 8 shows a similar change trend with that in CS 1. Among all the parameter scenarios, the lowest values of the maximum EV number in CS 2-CS 8 are respectively equal to 9, 10, 11, 10, 9, 11 and 10. Comparatively, the peak values of the maximum EV number in CS 2-CS8 equal to 26, 30, 32, 30, 28, 29 and 27, respectively. Moreover, in contrast to the SDD strategy, the CSB strategy has ability to stabilize the state of CS 1-CS8 for all the parameter scenarios, which embodies the advantage of the CSB strategy in terms of the charging station stability.
Through comparing the simulation results in Fig 10 and Fig. 11 , it is observed that, for both SDD and CSB strategies, the maximum EV number increases as the parameter  decreases and parameter  increases, basically. Given the implication of parameters  and  , the simulation results conform to the operation state of charging stations in the real-world situation. To simplify the description, we denote the parameter scenarios with relatively small  values and large  values as the "tense charging state"; otherwise, the parameter scenarios are denoted as "relaxed charging state". As can be seen in the figures, although the SDD and CSB strategies have the similar change trends in terms of the maximum EV number in each charging station, the change degree has the significant difference. When the parameter scenarios vary from "relaxed charging state" to "tense charging state", under the SDD strategy, a significant change trend of maximum EV number can be observed for each charging station.
The maximum number of EVs in each charging station has a significant gap between the adjacent parameter scenarios. As the parameter scenarios further vary, the SDD strategy may have an inability to stabilise the charging service. In contrast, the maximum EV number in each charging station, under the CSB strategy, exhibits a moderate degree of change. For the adjacent parameter scenarios, the maximum EV number has a flat change trend and occasionally presents a moderate fluctuation.
Meanwhile, the CSB strategy can stabilise the charging service for all the parameter scenarios.
Furthermore, in the"relaxed charging state", the maximum number of EVs under SDD strategy is close to that under the CSB strategy. However, when the parameter scenarios become the"tense charging state", a significant gap would exist in the maximum EV number under SDD and CSB strategies.
Specifically, for the CSB strategy, the maximum EV number in each charging station is less than 32 and most of the charging stations have the maximum EV number that ranges from 25 to 30. The distribution of the maximum EV number among different charging stations is relatively balanced. On the contrary, for the SDD strategy, the maximum EV number in different charging stations has the significant gap. On the premise of charging station stability, the maximum EV number in different charging stations ranges from 30 to 100, approximately. Therefore, based on the comparing analysis above, it is recommend that, if the charging service has the "tense charging state", the CSB strategy can be adopted to ensure the operation efficiency of charging stations and service satisfaction of drivers. In contrast, if charging service has the "relaxed charging state", the SDD strategy would be employed to solve the dynamic charging requests due to its similar effects on charging stations with CSB strategy and consideration of the travel demands of EV drivers.
Conclusions
To realize the smart charging service for the real-world complicated situation, we propose two optimal strategies to provide guidance for EV charging by considering the dynamic charging requests in a time-varying road network. Based on the analysis in terms of the dynamic characteristic of charging requests, a charging guidance problem is formulated by combining the time-varying road network. Specifically, the dynamic characteristic of charging requests consists in the uncertain aspects regarding time dimension for whether the charging requests occur and their detailed information. The information of charging requests refers to the drivers' travel destination and remaining energy of EVs.
Aiming at the dynamic charging guidance problem, the optimal strategies are established from two different perspectives, including the SDD and CSB strategies. The SDD strategy uses the driving distance from charging stations to destinations as the optimization criterion, based on the travel demands of EV drivers. In contrast, considering the impacts of EV number on the charging station operation and service satisfaction of drivers, the CSB strategy selects the reachable charging stations with minimum vehicle number as the optimal ones, based on the vehicle balance in charging stations.
More importantly, despite of the existence of differences between the two strategies, both SDD and CSB strategies have the ability to ensure the reachability of selected charging stations in a time-varying road network. Moreover, the simulation experiments are presented to investigate the performance of the proposed charging guidance strategies. The results of the experiments indicate that, under the identical example scenario, the CSB strategy has a significant advantage to balance the vehicle number among different charging stations as compared to the SDD strategy, especially in the situation with relatively long time horizon. Furthermore, the performance of the two strategies under different scenarios is explored by changing the scenario parameters in the simulation experiments. For the situation with "tense charging state", the CSB strategy has a better performance than the SDD strategy to ensure the operation efficiency of charging stations and service satisfaction of drivers. Thus, the CSB strategy is suggested to be used in such a situation. On the contrary, the SDD strategy is recommend to be adopted in the situation with "relaxed charging state", because it has similar effects on the charging station with CSB strategy and further considers the travel demands of EV drivers.
Notably, to simplify the problem formulation, it is assumed that, in every time slot, each normal node can generate at most one charging request. Such an assumption has the certain reasonability if each time slot has the relatively short duration. However, as the scale of EVs increases in the urban transportation system, multiple charging requests may simultaneously occur in the same location of road network, which would significantly complicate the solving processes for the dynamic charging requests. Therefore, built upon the proposed strategies, the distribution rule regarding to the number of charging request occurrence will be further investigated in the future work and considered in extending the charging guidance strategies.
